Most existing techniques for machinery health monitoring that utilize measured vibration signals usually require measurement points to be as close as possible to the expected fault components of interest. This is particularly important for implementing condition-based maintenance since the incipient fault signal power may be too small to be detected if a sensor is located further away from the fault source. However, a measurement sensor is often not attached to the ideal point due to geometric or environmental restrictions. In such a case, many of the conventional diagnostic techniques may not be successfully applicable. In this paper, a twochannel analysis method is proposed to overcome such difficulty. It uses two vibration signals simultaneously measured at arbitrary points in a machine. The proposed method is described theoretically by introducing a fictitious system frequency response function. It is then verified experimentally for bearing fault detection. The results show that the suggested method may be a good alternative when ideal points for measurement sensors are not readily available.
Introduction
Many diagnostic techniques are based on measured vibration signals for detecting machinery faults. For example, monitoring of variance, kurtosis, power spectrum, and envelope spectrum of a measured vibration signal may be the most common traditional methods to identify any symptom of machinery faults, while the higher order spectral analysis and the time-frequency (or time-scale) analysis have been lately applied for machinery health monitoring. More recently, nonlinear chaotic characteristics such as the correlation dimension, Lyapunov exponent, and Kolmogorov entropy have been examined for the purpose of machinery component health assessment [1] , and a fault detection technique based on the principal component analysis (PCA) and the second order blind identification (SOBI) was suggested when a reduced set of sensors is available [2] . Such vibration based diagnostic techniques have become important elements of condition-based maintenance (CBM) in many industrial applications. In particular, various diagnostic and prognostic models for implementing CBM are found in [3] ; data fusion strategy is suggested to improve the accuracy of the CBM tool in the process of condition monitoring, diagnostics, and prognostics [4] ; the wavelet packet-empirical mode decomposition (WP-EMD) technique is used to extract features for CBM [5] ; it is verified that CBM techniques can be used more realistically for making maintenance decisions, and the health of the equipment is determined in situ with the aid of vibration monitoring [6] ; an extensive review on diagnostics and prognostics of mechanical systems implementing CBM is given in [7] including the use of multiple sensors.
Several review articles provide general concepts and strategies for using various diagnostic methods based on vibration signals. Specifically, an overview of the principles and techniques of Gaussian time-series methods for fault detection in vibrating structures is given in [8] ; some benefits and limitations of time-frequency analysis methods in machinery fault diagnosis are found in [9] ; and various fault diagnosis methods for rolling contact bearing are summarized in [10] . Fundamentally, many of vibration based diagnostic techniques used for CBM may be considered as single-channel analysis methods. This is because, even if multichannel signals are measured and used in the analysis, for example, multiple sensors are used to classify fault features using the support vector machine (SVM) [11, 12] , the key approach does not considerably differ from the single-channel analysis since the information contained in the observed vibration signals is extracted without explicitly considering the cross relationship between signals. The single-channel analysis method usually requires vibration signals to be measured near the expected fault components of interest to ensure high signal-to-noise ratio of the measured signal. This is very important for implementing condition-based maintenance. In other words, the incipient fault signal power may be too small to be detected if a sensor is located further away from the fault component. Recently, for a large machine with a number of bearing pedestals, the composite spectrum has been introduced to represent the cross relations among all the measured vibration signals [13, 14] . Similar to the singlechannel analysis method, this method also requires signals measured close to the bearings in order that the composite spectrum properly represents the dynamics of the complete machine assembly.
Even though the use of ideal measurement points is essential for vibration based diagnostic techniques, as is often the case, a measurement sensor might not be attached to the ideal point due to geometric or environmental restrictions (such as when a flat surface for a sensor is not available, the space is too small for the proper attachment of a sensor, the mounting surface is too hot for a general purpose accelerometer, etc.). In such cases, many conventional diagnostic techniques may not be successfully applicable.
In this paper, a two-channel analysis method is proposed for application when ideal points of measurement are not readily available. The proposed method utilizes the crossspectrum between two simultaneously measured vibration signals. A fictitious system frequency response function (FRF) is then constructed [15] . The fictitious FRF compares the cross-spectrums between healthy and faulty conditions and is used to detect any fault symptoms in a machine.
The effectiveness of the proposed method is validated experimentally by applying it to the detection of ball bearing faults. The experimental results show that the proposed method can be a good alternative technique for many machinery health monitoring applications.
Principle of the Two-Channel Analysis Method
This section describes the principle of the two-channel analysis method. The term "two-channel" is explicitly used because two simultaneously measured signals are required and their cross relations are examined. The details of the proposed method are as follows. Consider the simple model of a machine as shown in Figure 1 , where two measurement points, 1 and 2 , are located far from each other. First, vibration signals are acquired at these points during the healthy operating condition of the machine. Let these two measured vibration signals be 1 ( ) and 2 ( ), where each corresponds to the measurement points 1 and 2 , respectively.
If the cross-spectrum between 1 ( ) and 2 ( ) is examined, some peaky frequency components might be observed that are correlated with each other, such as the rotor rpm component and the electromagnetically induced motor vibration components. However, since the distance between two measurement points is large, we may assume that two signals are nearly uncorrelated within the frequency range of interest, but not perfectly uncorrelated, such as in the range of the bearing fault frequencies. Thus, for a healthy operating condition, the cross-spectral density function between two signals in this frequency range may be written as 1 2 ( ) ≈ 0.
(
Next, suppose there is a new fault in the machine that produces a new excitation force signal ( ), and we obtain vibration signals at the same measurement points. The inputoutput relationship between the excitation source and the two measurement points can then be depicted as shown in Figure 2 . Two different paths, 1 and 2 , appear between the source and measurement points.
New excitation source, s(t) In Figure 2 , signals 1 ( ) and 2 ( ) are the components directly related to the fault source, and these are superimposed with the signals corresponding to the healthy operating condition. Thus, the measured signals 1 ( ) and 2 ( ) are
If it is assumed that signals ( ) and ( ) are uncorrelated with each other within the new fault frequency range, crossspectral density functions between uncorrelated signals are zero; that is,
Since it is also assumed that 1 2 ( ) ≈ 0 in (1), the cross-spectral density function between two measured signals at this particular frequency component can be written as
where the symbol " * " denotes the complex conjugate. Equation (3) indicates that the cross-spectrum contains both the fault source power and the path relations. This crossspectrum may be directly used to detect any new fault. However, as mentioned earlier, the fault source power contained in the cross-spectral density function may be too small to observe properly because the measurement sensors are not close to the ideal points near the fault source. This problem may be overcome by using the concept of the fictitious system frequency response function that is used to relate two deterministic signals [15] .
Construction of the Fictitious System Frequency Response.
We now describe the details of building the fictitious system frequency response function as follows. It is noted that, even if the above measured vibration signals may be random, especially within the frequency range of interest, the estimated cross-spectrums may be classified as deterministic for a particular operating condition. Then, although there is no physical input-output relationship between the two crossspectral density functions, ( ), it can be possible to relate them artificially, as shown in Figure 3 .
The fictitious frequency response function, fic ( ), informs us of the changes in the machine with respect to the healthy operating condition. The fictitious frequency response function can then be examined in terms of both the magnitude and the phase as follows:
where | fic ( )| and fic ( ) are the magnitude and phase of the fictitious system frequency response function and the symbol " " denotes the imaginary unit = √ −1. This fictitious frequency response function has a significant advantage in its ability to detect a new fault power over the power spectrum or the cross-spectrum. Note that the values of the cross-spectral density function obtained in a healthy operating condition are very small in the frequency range of interest. That is, the denominator of (4) is very small. Thus, if a new fault signal arises within this frequency range, the fictitious frequency response function can easily increase the fault frequency component by magnifying the fault source power, even if the source power contained in the measured signal is weak. Another benefit of using the fictitious frequency response function is that, because the two paths, 1 and 2 , have the phase components, the fault symptom must be reflected in the phase component. Therefore, the phase components of fic ( ) can also be used to further verify the diagnostic results by monitoring any phase change near the fault frequency component. This may enhance the diagnostic results.
Experimental Results
The proposed method is applied to detect ball bearing faults using a specially designed fault simulator as shown in Figure 4 . The shaft rotates at 1800 rpm (30 Hz) and two measurement accelerometers are located at some distance from both the motor-end bearing and the far-end bearing. Two artificial defects are considered in the far-end bearing: a fault on the outer race of the bearing and a fault on the inner race. The corresponding bearing fault frequencies are given below [16] : BPFO (Ball-pass frequency, outer race)
BPFI (Ball-pass frequency, inner race)
where is the shaft's rotating frequency, is the number of balls, is the ball diameter, is the pitch diameter of the bearing, and is the angle of the load from the radial plane. The parameters of the ball bearing used in this experiment are = 8, ≈ 7.9, = 34.5, and = 0. Thus, for the shaft speed of 30 Hz, the corresponding BPFO and BPFI components are expected to be about 93 Hz and 147 Hz, respectively.
First, the power spectrums of the three cases (healthy, outer race fault, and inner race fault) are examined. Figure 5 shows the power spectrums measured at both measurement points, 1 and 2 , in a healthy operating condition. They show that the dominant frequencies are the electromagnetically induced motor vibration component at 240 Hz and some unknown higher frequency components.
Figures 6 and 7 show the power spectrums in the cases of the outer race fault and the inner race fault, respectively. For both cases, some notable changes are observed in the power spectrums compared with the case of healthy operating condition. However, the expected bearing fault frequency components around 93 Hz for the outer race fault and around 147 Hz for the inner race fault are barely visible, while the dominant frequency component of 240 Hz remains the same. This is mainly because signals are not measured close to the fault source.
The fictitious frequency response functions are then examined for both cases of bearing fault. For the outer race fault, as shown in Figure 8(a) , the magnitude spectrum of the fictitious FRF distinctively reveals the BPFO component of 93 Hz. It is noted that any other frequency components are not visible clearly while the BPFO component is greatly magnified. This is another benefit of using the proposed method; the fictitious FRF tends to significantly magnify a new fault component while the existing frequency components are relatively scaled down. It is also noted that the phase spectrum in Figure 8 Figure 10 : Fictitious frequency response function in the case of a fault on the outer race of the ball bearing (sensor at 1 is moved to the point in Figure 4 ): (a) magnitude spectrum and (b) phase spectrum. Figure 9 shows similar results for the case of the inner race fault. That is, the magnitude spectrum of the fictitious FRF significantly magnifies the BPFI component of 147 Hz, and the phase spectrum shows the abrupt change of phase around the BPFI component.
To further verify the method, the sensor at the point 1 is moved to the point in Figure 4 . The results are shown in Figures 10 and 11 for the cases of the outer race fault and the inner race fault, respectively. As before, it is found that the magnitude spectrum of the fictitious FRF highlights the fault component only, and a sudden change of phase near the fault component is observed in the phase spectrum. These results may ensure that the suggested method is not sensitive to the measurement points as long as the distance between two measurement points is sufficiently large.
Conclusions
In this paper, a new strategy for machinery health monitoring is introduced by using two simultaneously measured vibration signals. The locations of measurement sensors are not important; almost arbitrary points may be selected provided the distance between the two measurement points is sufficient. The key process involves the use of the fictitious frequency response function as the means of comparing the cross-spectral density functions between healthy and faulty operating conditions. Experimental results demonstrate that the proposed method can be a good alternative technique, especially when measurement points need to be flexible. Particularly, the method utilizes both the magnitude spectrum and the phase spectrum of the fictitious frequency response function and can thus produce a more reliable diagnosis result.
